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Prompts of Closed-sourse VLMs.

System Prompt

You are a 3D indoor scene assistant. We provide @ labeled 2D image and a labeled Bird's Eye View (BEV) image for analysis.
1. The 2D image has 8 frames captured at equal intervals from a video, arranged in a 2x4 grid from left to right, top to bottom.
2. Object labels are numbered, with numbers matching between the 2D and BEV images to indicate the same objects.
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ScanQA Prompt

You are now required to provide answers based on the given questions.

3D Visual
Grounding
(single-object)

3D Visual

Grounding
(multi-objects)

Important Guidelines

1. When answering questions, do not reference the marks directly. These marks are only provided to assist in understanding the 3D Ques.tlon
layout. Your answers should refer to specific objects in the scene, not the marks. Answering
2. When describing directions or positions, use prominent objects in the image to express spatial relationships, and do not refer to labels.

3. Keep your answers as concise as possible. For questions regarding color, quantity, etc., aim for 1-5 words. For questions about
spatial relationships, answers can be slightly longer but should not exceed 10 words. Do not provide any additional, irrelevant information.

3D Dense \
Caption
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= What color is the dotted chair? j "' Describe the Object 28 j - A chair facing a wooden chair l "o The desk is wooden and beige in color ]

Answer Format
1. All answers must be in lowercase. Answers should not include any punctuation marks. Any numbers mentioned must be in Arabic numerals.

2. Please format your answers as follows: '##Q1## answerl, ##Q2## answer2, ...". Patterned black and white J A wooden desk against the wall | It is Object 14 | Oyecidz 16,2, 15,20, 2801 % What is hanging from the I 8 e cioolis in tront of what? J @  Winat coloris the sink above the fa? i
Examples : - Question: What is on the left of the tv? / " i | i - |
- Question: What color table is on the left side of the cabinet? : _ - ) o . Tha'color is Bolae
- Answer: light brown - Answer: bicycle on floor / There are three towels. The stool is in front of bathtub. | ge.
‘ """" ik sk koadakeimt alak sdada ik akatnda it xks: Whadsmmslalalalamatalcldoin nclalolalain ‘ - Large Language Model Larege Lancuace Model |
| @ Zero-shot Prompting | Q Refinement Procedures | - - . 5 SR Large Language Model Qualitative Results GPT4Scene answers object-centric 3D questions and attends to the
1. Syetem Message: <System Prompt> + <ScanQA Prompt> 1. Get the answer: “4#Q1## White board” ' u ! i t correct spatial regions across frames. Below 1s attention map.
2. User Message (image type): <url_for_frames> + <url_for BEV> 2. Remove answer format: ‘White board’ . 4 ‘ R y L5 J : | ID: 7 Toilet
E ] B o 2. Refinement and clean the answer: t t t t t t
q ‘ | o - & 2223:2 Z':E:';"sz::, 22}2‘;3;:5' Text Encoder Point Encoder Text Encoder Visual Encoder Point Encoder Text Encoder Visual Encoder
)  p i \ & T4 - Remove punctuation and spaces. t t t
- ) ‘. \ - Remove uppercase and lowercase distinctions. vl S 5 o . Ly _ OO N
3. Query Message: ‘What is the black chair in front of?’ Final Results: ‘whiteboard’ DY s e L vl o E | ' - ID: 1 Printer
' ' BEV Image
Prompts of Closed-sourse VLMs. We show the prompts used for GPT-40 Text Input Potat Clond TextInput  Multi-view Images  Point Cloud (Inference Optional) =\ < euence
(GPT4Scene)., which consist of a system prompt and a benchmark prompt. (2) 3D Point LLMs (b) 3D Point LLMs with visual encoder (¢) GPT4Scene (Ours)
After generating responses, we further refine them.
GPT4Scene understands 3D scenes and performs tasks like 3D question answering, dense captioning, and visual grounding Table 4: Evaluation of 3D dense caption on Table 5: Evaluation of 3D visual ground-

using only video input. Unlike 3D point LLMs, it relies solely on vision, with global context provided by a BEV image. Scan2Cap Chen et al. (2021). Our results outper- ing on ScanRefer Chen et al. (2020) and

form those of existing 3D LLM based models. Multi3DRef Zhang et al. (2023¢). Our method
2
reaches state-of-the-art performance over all methods
Table 1: The zero-shot capability of GPT4Scene. U e M k t M - t s C d 3DD i for the 3D visual grounding task
. . ' ° 0 ense Caption IoU@0.25 IoU@0.5 or ine visual grou g lasK.
Video + GPT4Scene Inference without Fine-tuning. SIN - arkKkers 1o dintain orrespondaence Methods BLEU4 ROUGE BLEUA ROUGE
Task-Specific Model 3D Visual Grounding ScanRefer Multi3DRef
ROUGE A EM-1@SQA3D
Zero-shot 3D QA [ROUGE@ScanQ @SQA3 T °o o o l- . Scan2Cap Chen et al. (2021) 342 553 233 445 Methods Acc@0.25 Acc@0.50 all F1@0.25 all F1@0.50
[VID +4Scene ‘VID +4Scene ralnlng plpe mne. 3DJCG Cai et al. (2022) 40.2 59.2 31.0 50.8 e —
— — X-Trans2Cap Yuan et al. (2022) 357 547 251 453 ask-Specific Moce
3D LLM Based Model Pre SOTA Pre SOTA 3 . 3D-VisTA Zhu et al. (2023) 36.5 576 34.0 543 3DVG-Transformer Zhao et al. (2021)  47.6 34.7 - 25.5
Chat-scene Huang et al. (20242) [ 41.6 54.6 3 g ¢ Input video SCquUCNCes Vote2Cap-DETR Chen et al. (2023b)  39.3 59.3 34.5 54.4 3DJCG Cai et al. (2022) 49.6 37.3 - 26.6
Open-sourced VLM Based Model i ¢ Key fl'ame S€1€Ct10n 3D LIM Based Model D3Net Chen et al. (20222) B 379 - 32.2
1. . M3DRef-CLIP Zhang et al. (2023c) 51.9 447 42.8 38.4
Qwen2-VL-2B Wang et al. (2025b) [29.5  30.0.05 [369 3625 .g & e 3D scene reconstruction LL3DA Chen et al. (2024) 414 5935 368 = 55l —
_. e PQ3D Zhu et al. (2024b) - - 36.0 - 3D LLM Based Mode
2-VL-7B Wang et al. (2025b) |30. 2.4 (421 431, -
Qwen2-VL-7B Wang etal. (2025b) 130.8 35224 3:Lero 9 S -« Instance segmentation LEO Huang et al. (2024c) _ 369 578 ADLLLM Hone et o1 (2029 0 _ _
Qwen2-VL-72B Wang et al. (2025b)(32.1 35.1.30 41.5 440,55 < (o)) . . Ch ' ¢ al . 182 60.6 363 581 g ' :
. 7 w ¢ ° Top-view BEV generation at-scene Huang et al. (2)24a) - - - - Grounded 3D-LLM Chen ct al. (2025) 479  44.1 452 406
Closed-sourced VLM Based Model Seg & Detect _ l, —— | . . . Grounded 3D-LLM Chen et al. (2025) - - 35.5 B Chat-scene Huang et al. (20242) 555 502 57.1 52.4
. ! o @ = * Object projection to frames Robin3D Kang et al. (20252) _ _ BETR - - : : :
GPT-40 OpenAl (2024) 342 393.s1 [42.0 448 ..% Q: Please describe Object No. 9. » patial-1empora s | Ross3D Wang et al. (20252) 61.1 54.4 59.6 54.3
J Object markers w 9 C . k . Ross3D Wang et al. (20252) - - 43.4 66.9
Gemini-1.5-Pro Team (20242) 351  394.43  |43.5 46.0.25 = O ross-view marker assignment Vision LLM Based Model
x A: This is a chair, currently placed under the table. — > % . S atial tem Oral Obect markers Vision LLM Based Model ision ased Mode
3 p p ] LLaVA-3D Zhu et al. (2025) ~ ~ 11 634 LLaVA-3D Zhu et al. (2025) 54.1 04 i i
Closed 11 <h Lmited hot 3D und g " e Frame—BEYV correspondence Video-3D-LLM Zhens et al. (2025) - _ 413 i Video-3D-LLM Zheng etal. (2025) 581 5L7 58.0 52.7
osed-source VLMs still show limited zero-shot understanding, wit - | r « Structured input to VLM InternVL3-8B (GPT4Scene) 41 631 414 603 InternVL3-8B (GPT4Scene) 634 577 655 60.7
. . . . mage : -
relatively low scores and frequent failures 1n object correspondence. i BEV Image with labels 7 — Qwen2-VL-7B (GPT4Scene) $B1 6L9 406 593 Quen2-VL-TB (GPT4Scene) 626 570 645 598

Qwen2.5-VL-7B (GPT4Scene) 45.9 67.9 44.1 67.1 Qwen2.5-VL-7B (GPT4Scene) 65.6 59.5 67.3 62.8
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